We study the prevalence and traits of global collaborative patents for US public companies, where the inventor team is located both within and outside of the US. Collaborative patents are frequently observed when a corporation is entering into a new foreign region for innovative work, especially in settings where intellectual property protection is weak. We also connect collaborative patents to the ethnic composition of the firm's US inventors and cross-border mobility of inventors within the firm. The inventor team composition has important consequences for how the new knowledge is exploited within and outside of the firm.
The increased globalisation of R&D activities by US multinational companies over the last several decades is a striking trend. According to the Bureau of Economic Analysis, the share of R&D for US companies conducted by their foreign operations rose from 6% in 1982 to 14% in 2004. During this same time period, the unweighted average share of patents for US public companies that contained an inventor located outside of the US likewise rose from 6% in 1982 to 13% in 2004. These trends for US firms are matched by foreign firms locating an ever larger share of their innovative work in the US.
Our work considers several aspects of these trends. We specifically focus on global collaborative patents, which we define to be patents where at least one inventor is located outside of the US and at least one inventor is located within the US. We compare the origin and traits of these patents with global inventor teams to those where the inventors for the US firm are either all located abroad or all located in the US. We use the detailed filings from the US Patent and Trademark Office (USPTO) for all patents granted from . These filings include the names of the inventors of each patent, their employer, and their location. Specific locations are given for each inventor, which forms the basis for our classifications of patents. Patents with global inventor teams feature very prominently in the increased foreign inventive activity of US public companies. They rise from 1% of US public firm patents in 1982 to 6% in 2004, thereby accounting for a substantial portion of the observed overall growth in global inventive activity.
We find that by most conventional measures global collaborative patents tend to be strong innovations, equal to and sometimes exceeding the strength of the innovative work done by the same firm using inventor teams exclusively based in the US. Even more striking is the extent to which both of these groups outperform the patents developed by the firm abroad with exclusively foreign inventor teams. Global collaboration and inventor teams appear to reduce underperformance associated with the foreign innovation by US public companies. Compared to this latter exclusively foreign group, collaborative patents have more claims, backward citations within and outside of the firm, are more original, list more subclasses and have more novel technology combinations. Looking forward, collaborative patents are better cited within and outside of the firm. The main exception to these superior patterns is that exclusively foreign teams are better integrated into the future foreign-based innovations of the firm.
We further study how these collaboration trends link to the migration of scientific talent into the US. At the same time that R&D and patenting are becoming globalised, the US workforce in science and engineering is also becoming increasingly international and diverse. One measure, which we develop and utilise below, is the share of US-based patents that have inventors with non-Anglo-Saxon names. We use commercial databases of ethnic names to assign probable ethnicities to inventors. For example, innovators with the surnames Ming or Wang are assigned a high probability of being of Chinese ethnicity, while innovators with the surnames Banerjee or Patel are assigned a high probability of being of Indian ethnicity. Our empirical analysis shows that the employment of ethnic inventors by a US firm is tightly linked to its generation of collaborative patents. In many cases, these observed collaborations also exhibit a specific match between the ethnicity of the US-based inventor and the foreign region in which the other members of the inventor team are located. There are some indications that the overall impact of the patent and its integration into the company's future inventive work in the US are enhanced by these own-ethnicity collaborative matches, but the modest empirical strength of these results only admits tentative conclusions.
We also investigate the role of cross-border mobility of inventors in facilitating these collaborations. We find that a firm's choice to use an internal transfer can be intuitively and systematically related to its size and also the traits of the foreign location. For example, we show that poor use of the English language abroad is connected to a decline in collaboration only when a cross-border migration is not present. We also show tentative evidence that larger firms engage in greater use of internal migration and may receive some added gains, in terms of forward impact, from having done so. In terms of other conditions that predict collaboration, weak rule of law and poor intellectual property rights are the most prominent factors in our work.
There are several rationales or models for why collaborative patenting might be useful for conducting invention abroad. At least three related concepts focus on shortterm or temporary needs. One frame focuses on learning about new locations, the match of a firm to the R&D capabilities of the region, and similar unknowns. Collaborative teams may be required for the learning process itself, or they may provide a form of protection or hedging as this learning process occurs. A second frame suggests that collaborative patenting may reduce entry costs into a new location, perhaps including the training of key personnel or foreign inventors for the innovative work. Relatedly, a careful fostering of the nascent invention team abroad may be necessary until its own critical mass is achieved. A third model suggests that collaboration is necessary for coordination of foreign activities with the other work of the multinational, perhaps giving way, with time, to independence as the interfaces are mastered. In each of these models, there are some scenarios where the importance and use of collaborative patenting fades with time in a country.
There are also several elements of global innovation that could give rise to long-term collaborative work. First, a foreign location may not have all of the specific skills or types of employees required for the firm's innovation; a parallel condition is that the foreign location is being targeted for a specific skill that is in short supply or too costly in US. One particularly common form of this split is when architecture-level work is conducted in the US and more detailed developments occur abroad where R&D personnel are less expensive. If much of the required knowledge remains tacit or is too expensive to codify fully, cross-border teams may be necessary to facilitate this arbitrage. Second, legal or cultural issues may require local partners as part of a multinational's expansion plan, due to either physical operations and sales or due to international patent laws. Third, in settings where the firm feels particular exposure, due to weak intellectual property rights, for example, the firm may want to keep some key technology pieces in the US, relying on collaborative teams rather than openly sharing sensitive information across borders to facilitate work. In these and similar scenarios, there can be a more permanent element to the collaboration.
We suspect that all of these conditions and more exist across the many settings that are included in our sample. On one hand, we document sizable declines in collaboration with elapsed time that the firm spends conducting innovation abroad in a region, which suggests that some entry-type mechanisms are involved. We also see some particular elements linked to uncertain environments that are consistent with the learning/protection stories. On the other hand, collaborative patents still account for a third or more of the patents in every region that we study, even after a decade of innovation by the multinational firm in that location. Moreover, our analysis of the forward impact of collaborative patents highlights a permanent opportunity to exploit. That is, we do not observe a performance penalty associated with collaborative teams that the firm would want to shed quickly, recognising though that we do not observe wage costs and all of the managerial inputs necessary. At least in terms of the attributes of developed patents, our results suggest some potentially powerful features of the model for longer-term use.
This article closely relates to the analysis by Foley and Kerr (2013) of the impact that ethnic innovators have on the global operations of US public firms. The earlier study identified that growth in the share of a firm's innovation performed by inventors of a particular ethnicity increases the share of that firm's foreign direct investment activity that is placed into countries related to that ethnic group. Foley and Kerr (2013) also found that ethnic inventors allow US multinationals to form new affiliates abroad without the support of local joint venture partners and thereby facilitate the disintegration of innovative activity (R&D and patents) across borders. The current study picks up in particular on the last theme of globalisation of innovative activity in these US multinational firms. It shows a particular connection of these US-based ethnic researchers to global collaborative patents, which accounts for much of the overall growth in global invention by US firms, and it quantifies the relative traits of these patents compared to other inventive activity undertaken by the firm.
This article also closely relates to and complements the work of Miguelez (2016) . Miguelez (2016) documents the important role of high-skilled diaspora communities for the development of global inventor teams, using data from the World Intellectual Property Organisation (WIPO). Gravity models demonstrate how the global distribution of diaspora for a country govern technology flows and overseas R&D relationships, especially at low levels of formality. Our research fits within the global models of Miguelez (2016) and agrees with his broad empirical findings. By focusing on the US, we are able to isolate additional outcomes and spend greater time and attention on the comparison of collaborative patents to domestic and exclusively overseas inventive work conducted by the same firm, in order to assess performance outcomes. We also connect closely with the careful study of Branstetter et al. (2015) on the important role of cross-border co-invention teams among multinationals as a factor behind the rise of patenting in China and India (explaining, at times, the majority of patenting observed in these locations). Branstetter et al. (2015) show how collaborative patents outperform patents by indigenous firms, using interviews with researchers in multinational firms to verify the importance of cross-border teams. In this article, we consider a broader sample of work, allowing us to connect co-invention teams to traits of places, and we focus more attention on the comparison of collaborative patents to the core US-based work of the multinational.
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The current study contributes more broadly to academic, business and policy analyses of the issues surrounding global innovation. The globalisation of R&D activities has received considerable recent attention from diverse groups within and outside academia (Dalton et al., 1999; Freeman, 2006 Freeman, , 2013 Zhao, 2006; Puga and Trefler, 2010) . While early foreign R&D efforts by US firms focused on accessing foreign technologies and refining products so they were suitable for foreign markets, more recent efforts also attempt to tap into the large supply of foreign scientists and engineers regardless of their knowledge of specific foreign technologies (Niosi, 1999; von Zedtwitz and Gassmann, 2002; Thursby and Thursby, 2006; National Science Foundation, 2010) . Freeman (2013) especially emphasises the globalisation of knowledge production, with reference to both multinational activity and also academia, and argues that global knowledge creation and diffusion is the leading factor governing the current patterns of trade, capital flows and immigration. As a specific example of these connections, a report on the Indian diaspora by the Government of India (2001) notes the key role that Indian Americans have played in promoting foreign direct investment into India by US multinationals, particularly in R&D-intensive sectors.
Collaborative patents, US-based ethnic innovators and internal migration of inventors could be especially valuable in starting, coordinating and connecting the global spread of inventive activity within firms. Beneficial channels that prior work has noted for ethnic networks include enhanced knowledge about products and services targeted at customers in foreign countries; stronger language skills and cultural sensitivity that would promote collaboration with innovators and business developers in foreign countries; specialised knowledge about how to enter specific foreign markets and conduct business locally; and better trust and sanctioning mechanisms. Each of these factors is essential to global business and yet can be quite difficult to construct in developing and emerging economies. Rauch and Trindade (2002) and subsequent work highlights the importance of these connections for companies making differentiated products; Saxenian et al. (2002) and Saxenian (2006) emphasise how global ethnic connections facilitate fragmented production, modular development and rapid product cycles; and Kerr (2008) stresses the role of ethnic innovators in settings where tacit knowledge is deeply important as opposed to codified information. To this end, we see evidence in the current project of global inventor teams being especially prevalent when US multinationals first enter into new markets, especially in contexts where intellectual property protection is weak.
To conclude, our novel findings contribute to several literatures by illustrating the role that firms play in linking ethnic networks, foreign direct investment and knowledge diffusion. Ethnic networks have been shown to play important roles in promoting international trade, investment and cross-border financing activity, with recent work particularly highlighting the role of educated and/or skilled immigrants.
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Prior work has further emphasised how social and ethnic ties facilitate transfers of technology; individuals who are geographically mobile appear to play a significant role in these kinds of transfers.
3 Because the current article's findings illustrate a mechanism by which knowledge is transferred globally, it also adds to the research on the role that multinational firms play in the international diffusion of knowledge. In addition, the results inform a growing body of work that analyses firm decisions about whether to locate innovative activity in a single place or in multiple locations (Keller, 2004; Veugelers and Cassiman, 2004; Singh, 2004 Singh, , 2005 Singh, , 2007 Singh, , 2008 MacGarvie, 2005; Branstetter, 2006; Zhao, 2006; Alcacer and Chung, 2007; Nachum et al., 2008; Zhao and Islam, 2011; Ghemawat, 2011; Alcacer and Zhao, 2012) . The current work also contributes to the growing number of studies on the economic impact of recent high-skilled migration to the US for work in US firms (Hunt and Gauthier-Loiselle, 2010; Kerr and Lincoln, 2010; Mithas and Lucas, 2010; Peri and Sparber, 2011; Kerr et al., 2014 Kerr et al., , 2015 Peri et al., 2015) .
Dataset Construction and Description
This Section describes the patent data set developed for studying ethnic contributions and collaborative patenting. We first describe the patent data set and the assignment of inventor ethnicities. We then define collaborative patents and provide some descriptive statistics. We close with a depiction of inventor mobility across countries within firms. We describe in later Sections additional data included in our analyses as warranted.
US Patent Data: Ethnicity
Our analysis uses the individual records of all patents granted by the USPTO from January 1975 to May 2009. Each patent record provides information about the invention (e.g. technology classification, name of firm or institution) and the inventors submitting the application (e.g. name, city). Hall et al. (2001) provide extensive details about these data and Griliches (1990) surveys the use of patents as economic indicators of technology advancement. The data are extensive, with over eight million inventors and four million granted patents during this period. Approximately half of the USPTO patents are filed by inventors working in the US, while the other half are the patents made by foreign inventors that are registered with the USPTO.
While the immigration status of inventors is not collected, one can determine the probable ethnicities of inventors through their names. USPTO patents must list at least one inventor by name, and multiple inventors are often listed. Our approach exploits the idea that inventors with the surnames Chang or Wang are likely of Chinese ethnicity, those with surnames Rodriguez or Martinez of Hispanic ethnicity, etc. Two commercial ethnic name databases originally used for marketing purposes are utilised and the name-matching algorithms have been extensively customised for the USPTO data. The match rate is 99%. The process affords the distinction of nine ethnicities: Anglo-Saxon, Chinese, European, Hispanic, Indian, Japanese, Korean, Russian and Vietnamese. When there is more than one inventor associated with a patent, each individual is given an ethnicity assignment and then these are averaged.
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Figure 1(a) illustrates the rapidly evolving ethnic contribution to US technology development as a percentage of all patents granted by the USPTO. Table 1 provides the tabulated values. These descriptive statistics only use patents filed by inventors residing in the US as indicated by the city associated with the inventor. We group patents by the years in which they applied to the USPTO. For presentation purposes, Figure 1 (a) does not include the Anglo-Saxon and European ethnic shares. They jointly decline from 90% of total US domestic patents in 1975 to 76% in 2004. This declining share is primarily due to the exceptional growth over the 30 years of the Chinese and Indian ethnicities, which increased from under 2% to 9% and 6%, respectively.
Figure 1(b) depicts the ethnic share of patenting by technology field, using the six main categories of Hall et al. (2001) . For these purposes, we define 'ethnic share' to be 4 Kerr (2007 Kerr ( , 2010 provides further details on the matching process, lists frequent ethnic names and provides multiple descriptive statistics and quality assurance exercises. One quality assurance exercise regards the estimated ethnic composition of foreign patents registered with the USPTO. The resulting compositions are quite reasonable. About 90% of inventors filing from India and China are classified as ethnically Indian and Chinese, respectively. This is in line with what we would expect, as native shares should be <100% due to the role that foreign inventors play in these countries. 1980 1985 1990 1995 2000 2005 1975 1980 1985 1990 1995 2000 2005 1975-1982 1983-1989 1990-1994 1995-1999 2000-2004 1975 1980 1985 1990 1995 (84) SF (14) MIL (21) MIA (16) SF (8) SD (2) BAL (2) NYC (4) AUS (2) SLC (83) LA (8) NOR (19) SA (9) AUS (7) SF (2) LA (1) BOS (4) SF (1) NAS (82) AUS (6) STL (19) WPB (6) PRT (6) LA (2) DC (1) HRT (4) LA (1) Panel ( Figure 1 (c) illustrates the growing ethnic contributions by type of institution. We classify patents issued to institutions using listed assignee names (e.g. Microsoft Corporation, Stanford University, US Department of Defense). Unassigned patents are those for which the property rights of the patent remain with the inventors themselves and account for about a quarter of patents. We separate public and private companies by whether a firm is a Compustat-listed company in 1989. We hold this group of public firms constant throughout the sample period to look at trends consistent for this group. Due in large part to greater visa sponsorships and engagement in researchoriented science, ethnic shares are largest for university patents. Publicly-listed companies follow closely behind in their share of ethnic inventors, which corresponds to the broadly observed trend that the degree of work visa sponsorship tends to grow with firm size. To some extent, migrants may also find larger firms more attractive for initial immigration choices due to greater employment stability, given that many visas like the H-1B are assigned to a specific firm-worker match.
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We again focus on the US-based public companies for our analysis of collaborative patenting. Figure 1(d) plots the ethnic shares of patents for five large representative firms in this group. The differences in the levels of ethnic shares across firms align with the expectations one might have, with, for example, Boeing's share being lower due to employee citizenship requirements that are often made for defence-based work. Intel has the largest ethnic share in this group illustrated. All five corporations show growth in the share of their US-based patents that come from ethnic inventors. The AngloSaxon ethnic share declines from over 80% of US domestic patents for all public firms in the 1975-82 period to 68% in the 2000-4 period. Similar to the aggregate series in Figure 1 (a), this declining share is primarily due to the growth in innovation among Chinese and Indian ethnicities, which increase from under 3% to 10% and 7%, respectively.
For the following geographic analysis, we define cities through the 281 metropolitan statistical areas. Cities are identified from the inventors' city names using city lists collected from the Office of Social and Economic Data Analysis at the University of Missouri, with a matching rate of 99%. Manual recoding further ensures all patents with more than 100 citations and all city names with more than 100 patents are identified. Table 1 shows that ethnic inventors are generally concentrated in immigration gateway cities closest to their home countries (e.g. Chinese in San Francisco, Hispanics in Miami). Not surprisingly, total patenting shares are highly correlated with city size; the three largest shares of US domestic patenting for 1995-2004 are from San Francisco (12%), New York City (7%), and Los Angeles (6%). Ethnic patenting is generally more concentrated, with shares for San Francisco, New York City, and Los Angeles being 22%, 10% and 9%, respectively. Indian and Chinese inventions are even further agglomerated. San Francisco shows exceptional growth from an 8% share of total US Indian and Chinese patenting in 1975-84 to 26% in 1995-2004 , while New York City's share declines from 17% to 10%.
While the ethnic patenting data provide a tractable platform for examining migration and innovation, there are several limitations. Most importantly, our approach cannot distinguish between foreign-born inventors working in the US and later generations of immigrants. Nonetheless, the magnitudes of the inventor shares in our analysis still broadly match the immigrant shares for science and engineering calculated from the 1990 Census, as shown in panel (b) of Table 1 . The European group is the clear exception, a point that we return to later.
US Patent Data: Collaboration
The focus of this article is on the traits and consequences of collaborative patents and their link to migrant inventors. Collaborative patents are defined as patents where at least one inventor is located inside the US and one inventor is located outside of the US at the time of the patent application. We contrast these global inventor teams against patents made by US public companies that:
(i) have all of their inventors located in the US or (ii) have all of their inventors located outside of the US.
In some settings, we further isolate in this last group cases where a multi-country team exists for a US corporation that does not have a US-based inventor included in the team.
Our conceptual framework is one of a US-based company choosing to conduct global technology development. We accordingly need to be cautious in using our data set, given that many foreign firms also file for patents with the USPTO. We specifically restrict our sample to the patents of US public companies entering into patenting abroad after first patenting in the US. The link of patent assignees to US public firms uses the original match of Hall et al. (2001) and updates made by Foley and Kerr (2013) . We drop non-US firms in Compustat even if a match to the USPTO data exists. The detailed inventor records begin in 1975. We require that we observe in 1975 or afterwards some measure of exclusively domestic patenting in the US before the firm files patents that include inventors in a specific foreign region for innovative work. Our analysis requires connecting inventor ethnicities to countries. Patents are assigned to one foreign country using the most frequent location of non-US inventors; ties are broken by the order of inventors listed on patents. Own-ethnicity collaborative patents are defined as collaborative patents where at least one inventor on the patent working in the US is of the same ethnicity as the country entered. There is a one-to-one mapping of ethnicity and country for five cases: India, Japan, Korea, Russia and Vietnam. In contrast, Chinese, European and Hispanic ethnicities each relate to more than one country. Chinese economies include Mainland China, Hong Kong, Macao, Singapore and Taiwan. European economies include Austria, Belgium, Denmark, Finland, France, Germany, Italy, Luxembourg, the Netherlands, Norway, Poland, Sweden and Switzerland. Hispanic economies include Argentina, Belize, Brazil, Chile, Colombia, Costa Rica, Dominican Republic, Ecuador, El Salvador, Guatemala, Honduras, Mexico, Nicaragua, Panama, Paraguay, Peru, Philippines, Portugal, Spain, Uruguay and Venezuela.
Figure 2(a) shows the trend from 1985 to 2005 for collaborative patenting. The percentage expresses the fraction of patenting that is collaborative in nature among all patents filed by US public companies with inventors working in the eight ethnic regions identified in the ethnic-name approach. This share mostly rises over the 20-year period from about 30% of the patents by the firms in these foreign regions to 50%. Global inventor teams are clearly an important and growing component to the organisation of innovation in these US companies, equal in contribution by 2005 to situations where all inventors are residing abroad at the time of the innovative work. Branstetter et al. (2015) provide important related descriptions of cross-border teams for multinationals that are patenting in India and China specifically.
Figure 2(b) shows that the own-ethnicity share of collaborative patents is increasing as well. The growth of own-ethnicity collaboration accounts for over half (52%) of the total growth in collaborative patenting observed in Figure 2 (a) and represents about 47% of collaborative patenting by the end of the period. This can be partly linked to the greater ethnic inventor shares among the scientists working in the US ( Figure 1a ) and the shift of global patenting by US public companies towards locations with a greater degree of collaboration (e.g. towards China and India and relatively away from Japan). Some of these features are quantified in our analysis below.
Figure 2(c) depicts a very interesting time pattern that exists within firms with respect to collaboration. The trend graph groups patents by how long the US public company has been conducting innovation in the ethnic region, from entry year up to 10+ years after entry. The sample overall is again predicated on the firm first conducting innovative work in the US. By starting our collaborative sample in 1985, each of the five horizontal divisions are populated across our sample period given our initialisation of the entry dates in 1975. Developing and emerging economies display a very high collaborative patent share at the time of firm initial entry, with over 70% of patents having at least one inventor located in the US. By contrast, about half of the patents are collaborative when US public companies first enter into Europe or Japan for innovative work. These differences across countries diminish over time after entry, and both groups have less than 45% of the patents being collaborative by the seventh year of the firm's operation abroad.
5 Table 2 displays collaborative patenting shares and counts by ethnic region and time since firm entry into the specific region. In panel (a), the entry rates for collaborative patenting are highest in the Chinese economies and India, lowest in Europe and Japan. Most groups display the declining trend with respect to time in country that is Table 2 shows the own-ethnicity shares. These own-ethnicity shares partly link to the size of the ethnic group in the US, with Japan having a very low own-ethnicity collaborative share due to the limited number of ethnic Japanese inventors in the US. Own-ethnicity contributions are strongest in the Chinese, Indian and Russian economies. Our analysis at several points considers inventor team size alongside that of collaborative patents. Figure 3(a) shows the broad increase in team sizes of Notes. Table displays collaborative patenting shares and counts by ethnic region and time since firm entry into the specific region. The sample is comprised of US public companies entering into patenting abroad after first patenting in the US. The sample includes industrial patents with application years between 1985 and 2005, building off of patents granted through to May 2009. Collaborative patents are defined as patents where at least one inventor is located in the US and one inventor is located outside the US. Patents are assigned to one foreign country using the most frequent location of non-US inventors; ties are broken by the order of inventors listed on the patent. Own-ethnicity collaborative patents are defined as collaborative patents where at least one inventor on the patent working in the US is of the same ethnicity as the country entered. 6 An interesting extension is the degree to which collaborative patents are connected to patents having multiple assignees (e.g. due to a joint venture). We are able to assemble some data to help understand these features, although we cannot do so for the full sample period. For patents with application years 2000-5, we observe evidence of multiple assignees at the following rates: 0.6% for patents with US domestic-only teams, 4.7% for collaborative patents, and 1.4% for foreign non-collaborative patents (and 3.8% for patents with multi-country non-US teams). These statistics show that multiple assignee patents are connected to the rise of collaborative patents but that they do not account for a large portion of the rise in these collaborative teams. We also observe some measure of substitution between use of own-ethnicity inventors and multi-assignee structures. Breaking down the 4.7% base rate for collaborative patents, it is 3.4% for own-ethnicity collaborative work and 5.7% for collaborative work that does not involve ethnic connections. This pattern is similar to the broader finding in Foley and Kerr (2013) that US ethnic inventors facilitate foreign direct investment that depends less on local partners than foreign entry that is conducted without this resource.
collaborative, foreign non-collaborative and US domestic patents. The substantial growth in average team size for patenting reflects the very general trend towards larger teams in the development of scientific knowledge (e.g. Wuchty et al., 2007) . Throughout our sample period, the team sizes for collaborative patents are at least one person larger than those for US domestic patents. This differential remains pretty constant in relative terms, as both series experience a net growth of about 55% in terms of team size from 1985 to 2005. This consistent relative differential means that the raw numerical gap between the two series increases, as the 20-year period exhibits a team size growth of 1.02 members for US domestic patents and 1.63 members for collaborative patents. By contrast, foreign non-collaborative patents for US multinationals show a more modest growth and smaller teams. Figure 3(b) provides some additional detail regarding collaborative patents. We break apart our collaborative patent series into own-ethnicity collaborative teams versus those that do not possess this ethnic connection. The interesting feature here is that own-ethnicity collaborative teams tend to be larger than the others, with some widening of the gap over time. We also plot, in this Figure, the trend for multi-country teams for US corporations that do not include a US-based inventor as a comparison point. The sample size here is smaller -436 patents compared to 2,023 and 3,298 for own-ethnicity and other US-connected collaborative teams, respectively -and hence some caution is warranted for the annual values. Nevertheless, these exclusively foreign teams appear to have a roughly similar average size and trend to US collaborative patents.
US Patent Data: Inventor Mobility
Extensions to our analysis consider the cross-border mobility of inventors within and outside firms. This added perspective provides incremental insights on the development of collaborative teams and the heterogeneity in their effectiveness. Unfortunately, the USPTO patent data do not uniquely identify each inventor, instead only providing their names. We rely on the work of Li et al. (2014) , which uses name disambiguation techniques to probabilistically assign unique inventor identifiers. This work is becoming the foundation of a number of studies seeking to identify unique inventors and their mobility with the USPTO patent data. Breschi et al. (2014) describe similar work being done with the European Patent Office records and provide a broader literature review.
This work is probabilistic and several features of the matching process are important to note in our setting. The first, and perhaps most important, aspect is that name disambiguation works best when names are very distinctive. A central challenge in the ethnicity context is that many ethnicities have very concentrated naming patterns (e.g. the surnames Lee and Park for Koreans). This concentration is very advantageous with respect to assigning ethnicities but it makes disambiguation harder. Second, geography is often used in these analyses to help isolate individual inventors, and we suspect that the international migration that occurs outside of multinationals may be harder to capture than what occurs within companies. Finally, and likely not very important, some inventors use different first names depending upon location, as Asians in particular may select an Anglo-Saxon first name when working in the US. This would be harder for the procedures to capture but we also think this issue is rather small in our context. Li et al. (2014) provide a broader discussion. To address these concerns and other typical uncertainties with these naming procedures, we report below two sets of statistics that use the upper and lower bounds on match certainty that are developed by Li et al. (2014) . As we reach extremely similar conclusions at both bounds, we believe our data platform is in a good position to move forward. Figure 4 (a) and (b) present some visual depictions of the role of internal transfers in multinationals for explaining the levels and trends of collaborative patents. In terms of levels, we observe that for about 30% of all collaborative patents one or more of the team members have moved across borders, as we can observe it in the patent database (and thus this forms a lower bound for the complete share). This share dips somewhat in the middle of our sample period but does not show a very sharp general trend, especially in comparison to the other trends observed for collaborative patenting. This sag is common to multiple foreign regions and not due to any single location. In the majority of cases, moving inventors are present in the US in the first years that they patent. Figure 4(b) shows that movers constitute a more prominent feature in the level and trend of own-ethnicity collaborative patenting. On the whole, given their mostly stable contributions to each category, the absolute growth rates for collaborative patents display trends similar to the aggregate series documented in Figure 2 (a) and (b). They thus play a significant role in facilitating the increase of collaborative patents to 6% of US patents, but they are not the sole factor and can provide interesting insights into the influence of team composition. Trend depicts the share of ownethnicity collaborative patents made by US public companies that involve one or more inventors moving across borders. Own-ethnicity collaborations are defined to be cases where the domestic US inventor has an ethnic name matching the foreign country in which the patent is being made.
Empirical Findings
This Section describes our empirical work. We first quantify country, technology, and firm-level traits associated with collaborative patenting. We then compare collaborative patenting to other patents made by US public companies.
Predictors of Global Collaborative Patents
We begin with estimates of whether a patent that includes foreign inventors is collaborative. The sample is comprised of the patents of all US public companies entering into patenting abroad after having first patented within the US. The sample includes industrial patents with application years between 1985 and 2005. Patents included in the sample have at least one inventor working outside of the US in one of the eight regions identifiable with the ethnic-name approach described above. Thus, the sample models the choice between using an exclusively foreign inventor team versus a global inventor team with a connection to the US. As noted earlier, patents are assigned to one foreign country using the most frequent location of non-US inventors; ties are broken by the order of inventors listed on patents.
We develop seven basic traits for each country. The measures are taken as an average over the period studied when time variant. Log GDP per capita describes the overall economic development of the country. The second metric is a binary variable for low or very low English language proficiency in the country as measured in EducationFirst's English Proficiency Index (http://www.ef.com/epi/). The third is the log distance between the US and the foreign country measured using the great circle distances between capital cities. The fourth is an index for rule of law taken from La Porta et al. (2002) . This metric is on a six-point scale, with higher values representing stronger rule of law. The fifth is an index for the protection of intellectual property rights taken from Park (2008) . This metric is on a five-point scale, with higher values representing stronger protection. We next include a general measure of patenting integration of the country with the US as measured by the log total patents per capita that the country files with the USPTO. This measure includes all foreign firms, inventors, and governments that file patents with the USPTO for intellectual property protection. Finally, we measure the share of this foreign patenting that is being done in the specific subcategory of the patent in question. This models the degree to which collaboration is seeking to overcome 'voids' in the composition of local innovation talent or institutions for the focal technology.
Online Appendix Table A1 provides univariate correlations. The raw likelihood of collaborative patenting is most visibly connected to patenting by firms in places where rule of law is weak, intellectual property rights are not well protected and scientific integration with the US is low. Collaborative patenting is also associated with poorer and developing countries and places with low average proficiency in the English language. By contrast, connections to distance or local patenting composition are less apparent. These connections, especially to the legal rights established abroad, make intuitive sense. At the level of the firm and in accordance with our descriptive graphs, collaboration is declining in the time that the firm has been in the foreign location, increasing in the patenting size of the firm, and increasing in the share of the firm's US innovative workforce of ethnic origin.
For a more-rigorous assessment, we estimate a linear probability model of the form:
where p indexes patents. Each patent p is linked to an application year t, non-US country c, technology j, and firm f . The dependent variable ð0; 1ÞCollaborative p is an indicator variable for a collaborative patent. The vector g jt contains technology-year fixed effects. The vector X cj contains traits of countries and technologies that we relate to the prevalence of collaborative patenting. We eventually employ country-year fixed effects to fully control for these features, but it is interesting to first quantify the broad patterns of the data. Finally, the vector Z ft contains traits of the US firm at the time of the patent application. These traits include factors like how long the firm has been conducting innovation in the foreign country and the ethnic share of its US-based inventor workforce. The regressions estimated are unweighted, have 11,737 observations, and cluster standard errors by country. Column 1 of Table 3 models the seven basic traits noted above. The coefficient patterns across the country-level variables are interesting and the legal protections continue to stand out the most. Collaborative patenting tends to be less common in countries characterised by strong rule-of-law and better intellectual property rights. These patterns could be reflective of collaboration being important when entering into uncertain environments, which was hinted at by the firm entry timing noted earlier.
Once we condition on these two legal variables, collaboration is more likely when countries have a higher GDP per capita. This is a robust pattern evident in many permutations -the univariate correlation of collaborative patenting to developing and poorer countries came through channels connected to weaker property rights. Similarly, the strength of these property rights accounts for the univariate correlations noted for patents per capita and English proficiency. Links to distance are again not evident. These correlations, of course, are far from causal, and other correlated traits of countries (e.g. education levels) may be more important. The correlations nonetheless demonstrate a consistent pattern over these traits that provide additional confidence in the types of analyses undertaken. Column 1's estimation and those that follow include technology-year fixed effects, with the technology aggregation for these fixed effects being defined at the subcategory level of the USPTO system (36 groups). Unreported estimates relax this structure and instead include indicator variables for broad types of technologies. These specifications show that collaboration tends to be higher in the chemicals and drugs categories of the USPTO system.
Column 2 adds in our first firm-level trait, which is the number of years since the firm began patenting in the foreign ethnic region. This measure ranges from zero (time of entry) to ten years or longer. It has a strong negative coefficient, measuring a 1.7% decline in the absolute probability of the patent being collaborative with each additional year of operation in the foreign country. At the bottom of Table 3 , we compare the coefficient to the 0.43 mean of the dependent variable. One additional year since the first patenting activity in the region is associated with a 4.0% lower likelihood of collaborative patenting in relative terms.
Column 3 expands the analysis to consider additional traits of the firm's global patenting efforts. We control for time since the firm began patenting abroad inclusive of all foreign operations. We also control for the log worldwide patent count by the firm in the application year. These additions lower slightly the coefficient estimate on the years since entry into the foreign ethnic region. There is a positive correlation between the global patent count of the firm and the frequency of collaborative patenting but this is not measured precisely. Column 4 further adds the share of the firm's US domestic inventors who are of nonAnglo-Saxon ethnic origin. This measure is highly predictive of collaborative patents, suggestive of the special role that migration can have in fostering global inventor teams. An increase in this share by 10% (e.g., from 20% to 30%) connects to a 2.1% increase in the absolute probability of the patent being collaborative. In relative terms, this increase is about 5%. The inclusion of this explanatory factor also diminishes the initial importance of the global patent count of the firm, as larger firms also have a higher ethnic share of their inventor workforce.
Column 5 includes further controls for firm size that we can derive from Compustatthe log values of firm worldwide sales, employment and R&D expenditure. We can only construct these metrics for two-thirds of our sample (7,769 observations) and, hence, we consider them as a robustness exercise. The emphasised results are robust to these control variables and the overall time since the firm began to patent abroad becomes more important in the presence of these controls.
Columns 6 and 7 show very similar results when including country-year fixed effects that remove all local conditions. We also find similar results in several unreported robustness checks. For example, the patterns are similar when weighting each patent such that each firm receives the same overall weight in the regressions. The patterns are also similar if using the log ethnic inventor count in the US rather than the sharebased measure. Firm-level explanatory variables show similar statistical significance when clustering standard errors by firm. Finally, we continue to observe the importance of our key explanatory factors (i.e. entry timing, size of the company's US ethnic scientific workforce) when splitting the sample by dimensions such as firm size, level of economic development, level of intellectual property protection, and local technology composition and when looking separately at the upper and lower halves of the distributions. Table 4 repeats the analysis in Table 3 but now considers as the outcome variable a (0,1) indicator variable for an own-ethnicity collaborative patent. Among country traits, intellectual property rights remain the most important predictor. Focusing mostly on the firm-level traits at the bottom of the Table, the coefficient patterns are quite similar. The coefficients are smaller but this mostly reflects the lower variation and sample mean on this own-ethnicity dimension. In relative terms, the effect for years after entering the foreign region is quite comparable to Table 3 . The absolute and relative frequency for own-ethnicity collaboration is not surprisingly higher for firms that have a larger ethnic workforce share in the US. Table 5 introduces firm fixed effects in the models of collaborative patenting and own-ethnicity collaboration in columns 1 and 3, respectively. Not surprisingly, the measures for time since foreign entry are accounted for by the firm-specific fixed effects. Growth over time in the total patenting of the firm is associated with lower collaboration rates, while we observe a relatively large boost from growth in the size of the company's ethnic workforce in the US. Columns 2 and 4 further interact the various firm measures with the GDP of the country where the foreign patenting takes place. These interactions tend to be less important overall. They show that the declines in collaboration with firm patent growth are especially pronounced in developing and emerging economies. Also, the size of the ethnic workforce in the US matters less for collaboration when the GDP of the foreign country is greater. This reflects the particular strength of this channel observed in Table 2 for countries such as China, India and Russia.
The online Appendix reports two important robustness checks on these estimations. First, Appendix Tables A2, A4 and A6 repeat Tables 3-5 using a probit model instead of our linear probability specification (1). These probit models yield very similar results. Where modest differences occur, they only serve to strengthen the conclusions that we can draw from the reported estimations.
In Appendix Tables A3, A5 and A7, we replicate our core model -specifically column 4 from Tables 3 and 4 and columns 1 and 3 from Table 5 -when we drop each Notes. See Table 3 . The dependent variable is a (0,1) indicator variable for at least one inventor on the patent working in the US being of the same ethnicity as the country entered.
ethnic region from the sample one at a time. These results also prove quite similar. Most important, all of the firm-level explanatory factors are very robust across variants. The only exception is a weaker relationship of collaborative patents to ethnic inventor shares when excluding Europe and including firm fixed effects; on the other hand, the importance of own-ethnicity patenting in this setting rises. This heightened connection of US ethnic inventors to joint ethnic patenting when excluding Europe is not very surprising and could simply indicate that ethnic linkages are less important for US corporations when establishing R&D operations in Europe, or that we are able to measure these ethnic linkages less precisely and, in some real sense, the process of assimilation links these two possible factors together. Excluding Europe has a larger impact on our country-level covariates, although the central connection of collaborative patenting to settings where the rule of law and IPR protections are weak remains quite prominent. The recent literature on international knowledge spillovers often highlights special US connections for China and India (Branstetter et al., 2015; Breschi et al., 2015; Freeman and Huang, 2015) . Given their high-profile nature, we also test dropping the Chinese and Indian regions at the same time in these online Appendix Tables. We find overall very similar results when jointly excluding these two countries. It is worth noting that our panel begins well before the very large rise of these two countries, and so generally they are not that pivotal to our analysis -although they do fit the concepts and overall patterns quite well. This parallels similar findings by Note. See Tables 3 and 4 .
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Miguelez (2013) about the broad applicability of diaspora for co-invention networks beyond the China and India cases. Table 6 next layers inventor migration into these analyses. Column 1 of Table 6 repeats our base estimation for collaborative patents from column 4 of Table 3 . Columns 2-4 then separate this outcome variable into three mutually exclusive, collectively exhaustive categories:
Role of Cross-border Mobility within Firms
(i) collaborative patents that include a within-company move of one or more inventors across borders; (ii) collaborative patents that do not include an internal move but have one or more inventors that have moved across borders outside of the firm; and (iii) collaborative patents for which we have no evidence of a move.
Given this data structure, the coefficients and means of the dependent variables across columns 2-4 add up to column 1.
Focusing on the country traits, some very intriguing differences are evident. First, the negative partial correlation associated with a country having low English proficiency works entirely through a reduced likelihood of a collaborative patent that does not involve a cross-border mover, with no impact for the cases where mobile inventors are present in the team. This is quite consistent with these mobile team members lowering entry barriers connected to language, business practices and so on. By contrast, companies are less likely to have a within-firm mover involved in the team, relative to the other collaborative forms, when distance to the US is greater or when the foreign location does not offer extensive patenting in the same field. This particular reduction could descend from less inherent advantage to shifting the resource over locations or to lower supply of potential movers within the firm. Looking at the firm-level traits, bigger patenting firms appear to exploit internal moves much more than small firms, with increases in firm size almost exactly balanced on the two margins of columns 2 and 4 (i.e. teams using internal moves versus teams with no movers evident). This is interesting but it should be treated with caution given the obvious issue of us measuring mobility through the patent data itself. It could be that firms with few patents are still transferring employees across locations but that they do not show up in our patent data until they are located in the US. To disentangle these features fully, we would need to access broader employment records of the firms. That said, we find it unlikely that this strong symmetry on the two margins would be purely due to measurement error. Just as interesting, the connection of collaborative patents to the ethnic share of US domestic inventors appears most prominently, in relative terms, for teams where external-to-company moves are evident.
Columns 5-8 have a similar structure for own-ethnicity collaborative patents; to keep a manageable number of divisions, we do not distinguish here whether the crossborder mover(s) is the same individual or not as the inventor(s) with the own-ethnicity connections. The results are overall quite comparable, with the most noticeable difference being that distance shows its most important impact in the collaborative teams that do not include a moving individual. In other words, the establishment of a 
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T Notes. See Tables 3 and 4 . Estimates separate collaborative patents by whether a member of the collaborative patent team appears to have moved across borders, either within the company or outside of it. Within-company moves are identified through the inventor patenting with the same firm in multiple countries; externalto-company moves are identified through inventors moving across firms and borders. Inventor moves are determined through the upper-bound designations from Li et al. (2014) . The online Appendix shows very similar outcomes using lower-bound designations. Columns 2-4 add up to column 1, and columns 6-8 add up to column 5.
long-distance own-ethnicity collaboration typically involves a within-company or external move. These estimations use the upper-bound designations of Li et al. (2014) for defining unique inventors, and online Appendix Table A8 shows very similar results when using the lower-bound designations. Online Appendix Table A9 also shows very similar results when incorporating firm fixed effects into the analyses. In summary, inventor mobility within and outside of firms clearly connects to collaborative patenting, although it does not fully explain it (and likewise collaborative patenting does not fully explain inventor mobility choices). The reported contrasts with respect to the traits of foreign countries and the characteristics of sponsoring firms are both fascinating and intuitive. We hope that future research picks up on these themes and builds them out, as several of these moderating factors are worthy of their own study (in addition to some we have yet to identify).
Consequences of Global Collaborative Patents
We turn next to a quantification of the traits of global collaborative patents compared to the other patents filed by US public companies at the USPTO. To this end, we build a larger sample that also includes the domestic patents filed by these companies. We estimate a linear regression of the form:
where p again indexes patents. The dependent variable Y p is one of a set of standard traits about patents that we consider. The two regressors in our base estimations are indicator variables for a collaborative patent (global inventor team) and for a foreign non-collaborative patent. The vector g jt contains technology-year fixed effects, and the vector w ft contains firm-year fixed effects. The b and c coefficients are thus measured against patents for the firm where all inventors are located in the US. The estimates are unweighted, have around 400,000 observations for most traits and cluster standard errors by firm. Table 7 considers the traits of collaborative and non-collaborative patents observable at the time of patent grant, in comparison to patents granted to inventor teams where all workers are in the US. Column headers indicate the specific trait considered. Panel (a) presents the means of the studied traits for reference. Throughout this Table and the next Table, caution should be exercised when considering these means, as the patents in the groups may come from different technology areas and time periods. In most cases, regardless, the group means closely align with the regression analyses. Panel (b) then provides a specification (2) with just technology-year fixed effects, while panel (c) includes both technology-year and firm-year fixed effects. In both cases, we provide the b and c coefficients that compare collaborative and noncollaborative international patents to US domestic patents. We likewise report the relative effects of the b and c coefficients to the average value observed for US domestic patents. Finally, we report the t-test for a linear difference between the collaborative and non-collaborative coefficients (b À c). Values greater than two indicate that the collaborative coefficient is statistically larger than the non-collaborative coefficient, and the opposite is true for values less than negative two. 
(8)
Panel ( Columns 1 and 2 of Table 7 begin with some simple statistics about the number of inventors listed on the patent. As shown earlier in Figures 3(a) and (b), it is clear that collaborative foreign patents have a larger number of inventors per patent than the two other types. On average, they have 4.2 inventors per patent, compared to 2.5 for domestic patents. Some of this difference reflects technology and time period differences but a difference of about 1.5 inventors remains in the regression-based formats. Column 2 shows that non-collaborative patents have a larger number of foreign inventors than collaborative patents, while unreported estimates show that the domestic teams of collaborative and US-based inventor teams are pretty similar in terms of size. Put differently, exclusively US-based inventor teams tend to be larger than exclusively foreign-based inventor teams. Collaborative patents retain almost all of the typical US-based team size and add a little more than 1.5 foreign inventors on average, for a much larger total invention team.
Columns 3-9 of Table 7 provide additional traits of patents that are observable at the time of the patent grant. Column 3 considers the number of claims that the patent makes, which some prior work takes as an indicator of patent quality. There is a strict ordering in this case: collaborative patents, followed by US domestic teams, followed by non-collaborative foreign teams. The relative effects are on the order of 5-10% and are statistically significant.
Columns 4-7 consider metrics based upon the backwards citations the patent makes to prior work. We consider the total number of citations, the number of citations made to prior external work outside of the firm producing the focal patent, whether the majority of the backward citations are to the firm's own prior work and finally an originality score for the firm's backward citations. The originality score follows Hall et al. (2001) as one minus a Herfindahl index over the technology classes that are cited in the patent. A larger score on the originality index indicates that the patent draws from a broader distribution of prior technologies in its work. One pattern is strongly evident across these four metrics: non-collaborative patents display a smaller number of citations and a narrower cited technology base compared to collaborative patents or to US domestic patents. Collaborative patents also tend to display more of these features compared to US domestic patents, but these differences are substantially weaker in economic size and statistical strength.
Columns 8 and 9 next look at the subclasses of technologies listed on the patent. Each patent lists one or more patent technology subclasses, which is the most detailed level of the USPTO system with over 150,000 separate technologies identified. Noncollaborative foreign patents tend to have fewer listed subclasses, while the other two types of patents are comparable to each other. Non-collaborative patents are also less likely to have a novel combination of subclasses (Strumsky et al., 2011 (Strumsky et al., , 2012 Akcigit et al., 2013) , while collaborative patents are marginally less than US domestic patents. Thus, at the time of application, the traits of collaborative patents typically fall in between those of patents with exclusively US-or foreign-based teams, with collaborative work usually looking more like US-based teams. The most noticeable exceptions are team size and the number of patent claims being made, where collaborative patents rank substantially higher than either of the other groups. Table 8 continues this estimation approach and considers the forward citations that the various types of patents receive. In this context in particular, the focus should be on 
Panel ( Notes. See Table 7 . Columns 1-3 present worldwide counts and traits of citations received by the patent. Normalised counts divide the citation count by the average for the patent class and application year. Columns 4-6 present traits of citations made by patents external to the original assignee, while columns 7-9 present traits internal to the original assignee. The sample in columns 7-9 is conditional on at least some patenting later being conducted by the assignee. Counts of citations in columns 5-6 and 8-9 allow citing patents with inventors in multiple countries to be counted twice.
the regression-based analysis since these forward citations accumulate with time. As collaborative patents are a much more recent phenomenon, their raw citation counts tend to be naturally lower. Column 1 begins with the total count of forward citations received. Column 2 provides a normalised count where the raw count is divided by the average for that patent class and application year (the difference to the technology-year fixed effects is that the sub-category level used for technology-year fixed effects is more aggregated at 36 divisions versus over 450 patent classes). Non-collaborative patents have lower future citation counts than domestic or collaborative patents. There is some suggestive evidence that collaborative patents may also outperform their domestic peers but this effect is not statistically significant in column 2. Column 3 reports a generality index, which is the mirror image of the originality index in Table 7 . Noncollaborative patents tend to be cited by a more concentrated technology set in the future.
Columns 4-9 of Table 8 next disaggregate the patent's forward citations on two dimensions:
(i) internal versus external to the patenting firm and (ii) inside versus outside the US.
External citations are often used to assess the value or broader impact of patents. Internal citations provide insights on the degree to which the firm itself builds upon the focal invention. This may differ across firm locations due to awareness of inventions, priorities established for technological development and other reasons. The sample in the latter three columns is restricted to cases where we observe at least one subsequent patent by the firm in a later year than the focal patent's application year, so that there is at least some opportunity for an internal citation to occur. Given that our focus is on large public firms with high patent frequency, this restriction is not very important.
Column 5 shows that collaborative and non-collaborative patents receive more non-US external citations than domestic-only patents. Collaborative patents may, if anything, have an edge in this dimension compared to non-collaborative patents but these differences are small and statistically weak. By contrast, column 6 shows a substantial reduction in the external impact within the US for non-collaborative patents. Thus, the location of the inventors within the firm correlates strongly with the location where the external impact of the patent is experienced, and a distributed team of collaborative inventors connects with external impacts both within and outside of the US.
Columns 7-9 show a mostly similar pattern for impacts within the firm as measured by future self-citations. Column 8 again shows that inventors outside of the US, now the firm's own inventors, build more on work that was conducted with inventors outside of the US. Likewise, column 9 again shows that inventions developed with inventors in the US have a greater subsequent impact on the firm's US-based inventions. The main difference to columns 4-6 comes through the relative position of the collaborative patents. For external impact, collaborative patents display a 'best of both worlds' coefficient pattern that indicates greater impact in both locations than is seen for patents created by exclusively domestic or foreign teams. For internal impact, a tradeoff instead exists. Collaborative patents have more impact for the firm's future technology development outside of the US than patents by an exclusively US-based team but less than those by an exclusively foreign team. The opposite is true for the firm's future technology development in the US and these differences are all statistically significant.
We turn now to several robustness checks and extensions on the patterns. First, we return to the team size estimates that started Table 7. Throughout Tables 7 and 8 , the relative effects are meaningful in size but not extraordinary, often of the order of 10-20%. In most cases, we also observe a performance advantage for collaborative patents. A natural question is the degree to which these advantages come from different inputs into collaborative patents (e.g. R&D dollars, managerial attention). While we generally do not observe these inputs, we do observe the inventor team size. Inventor team size for collaborative patents tends to be 60% (or more) larger than for the other types of patents. Thus, estimates that measure traits on a 'per inventor' basis (e.g. forward citations per inventor) will find an underperformance by collaborative patents. We hesitate to make such an adjustment for two reasons. First, we do not know the amount of time each inventor placed into the effort and it could be that larger team size comes with fewer hours per inventor. Second, we also lack a very clear scale for measuring the complete return differences to the firm across these traits (e.g. it is not clear whether a 10% higher rate of internal citations translates into more or less than 10% of internal benefits to the firm).
Nonetheless, to provide some basis for this comparison, panel (a) of Table 9 extends panel (c) of Table 8 to include inventor team size-year fixed effects. 8 For these fixed effects, we code the maximum team size at 5+ inventors on a patent. As per the prior discussion, this additional control weakens (and in some cases eliminates) many of the differences observed between domestic US patents and those with collaborative teams. In other words, similarly-sized teams of exclusively US-based inventors perform more like those of collaborative patents. On the other hand, the differences between these groups and non-collaborative foreign inventors remain. It is thus important to keep the differences in inventor contributions in mind when noting the performance advantages of collaborative patents but the big differences compared to exclusively foreign inventor teams are not explained by the adjustment.
Panel (b) of Table 9 provides a second extension. We modify the analysis to consider own-ethnicity collaborations (i.e. at least one US-based inventor matches the ethnic region of the firm's overseas inventors) versus those across ethnic lines. We do not have a very strong prior about the direction of these patterns. For example, one could hypothesise that ethnic-based collaborations improve communication across borders and thereby boost patenting outcomes. However, it seems equally plausible that some of the potential team diversity benefits are lost in own-ethnicity collaborations. The results in panel (b) of Table 9 suggest that own-ethnicity collaborations have somewhat stronger external and internal impacts in the US, with the differences outside of the US more muted.
Panel (c) of Table 9 reports estimations that isolate multi-country non-US inventor teams within our patent pool that do not contain US-based inventors. It is important to remember here that these are only US-based companies, and thus we are not considering inventor teams for Siemens, Sony, Nokia etc. that have foreign-based headquarters. The very interesting outcome is that these foreign collaborative teams perform even more unlike US-connected collaborative patents than the foreign patents that have teams in a single location. In terms of initial traits, which are reported in online Appendix Table A10 , these patents with non-US multi-country teams look pretty much the same as patents Table 8 . Panel (a) further includes inventor team size-year fixed effects, with a category maximum of 5+ inventors on a team. Panel (b) separates the collaborative patent regressor by whether the ethnicity of the US-based inventor matches that of the foreign region. Panel (c) separates the noncollaborative regressor by whether the foreign inventor team is located in two or more non-US countries. Panel (d) separates the collaborative patent regressor by whether or not the inventor team includes a withinfirm inventor migration. Panel (d) also includes fixed effects for a collaborative patent with an external-tothe-firm inventor move and main effects for patents with these types of movements, which are reported in online Appendix Table A11 .
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[ J U L Y produced by teams located in a single non-US country, excepting inventor counts. But looking forward, these non-US multi-country teams are even less likely to have an external or internal impact in the US and even more likely to have external impact outside the US than the foreign teams that are located in a single country. We do not seek to explain this pattern in detail, as the results are not precise enough to make a big fuss about just yet. We are able to conclude from this exercise that the differences we observe for collaborative patents with US-connected teams are not due to generic features that come from multi-country teams, which is an important fact to highlight. An important avenue for future work is to assemble a deeper data set with multinational companies headquartered in many countries and then test more broadly this phenomena with information about country pairs and headquarters. Such a platform would likely require incorporating non-USPTO patents. This would be the necessary next step to begin separating whether the patterns we observe descend from a US fixed effect (which would hold true for a Sony or Siemens patent involving an inventor team located in France and the US) or a feature that relates to the collaborative team being connected to the headquarters country (which happens in this case to be the US). Based upon case studies and anecdotal evidence, we suspect the latter factor is the more important of the two but this remains an open question.
Online Appendix Table A11 considers whether these outcomes are heightened or diminished by the role of internal transfers being a part of the inventor team. We allow separate indicators for collaborative patents with an internal-to-the-firm transfer and collaborative patents with no evidence of cross-border mobility. We also include fixed effects for a collaborative patent with an external-to-the-firm inventor move and main effects for patents generally that include these types of mobile inventors; these additional elements are imprecisely estimated and reported in online Appendix Table A11 . The robust insight is that our collaborative patenting results are evident in both types of collaborative patents, validating the results as a general feature of the collaboration process. The point estimates might also suggest that internal-to-the-firm mobility is associated with greater forward knowledge use in the US by the firm and a smaller differential to foreign patents outside of the US. These differences, however, are far from statistically significant and are at best indicative of what might lie ahead as bigger samples and longer time horizons emerge. We also believe that truly answering these questions requires marrying patent data with cross-border employment records for multinational firms (Choudhury, 2015) to provide a more comprehensive view of inventor teams and mobility.
Finally, the recent nature of these collaborative patents raises the potential for our results to be sensitive to how one handles the citation truncation at the end of the sample period. An alternative approach to controlling for technology-year fixed effects is to explicitly create uniform time horizons over which future citations are calculated. We implement both three-and five-year horizons in online Appendix Table A12 . The comforting conclusion from those extensions is that the effects remain very similar with all of these alternative treatments. Further, a comparison of the quantified relative impacts across the shorter time horizons with our full-horizon effects also suggests that there is no obvious trend to these outcomes over the time span used, with some margins growing while others shrink modestly.
Conclusions
The globalisation of innovation is proceeding at an exceptionally fast pace. Many US public companies conduct significant overseas R&D and global inventor teams have become surprisingly prominent -on average, 6% of the worldwide patents of US multinational corporations in 2004. We find that the ethnic composition of the firm's US-based inventive workforce is an important factor in whether the firm engages in international collaboration. Collaborative patents are also frequently observed when a US public company is entering into a new foreign region for innovative work. This is particularly true in markets where intellectual property protections are weak. In a large fraction of these cases, an inventor moving across borders within the firm is evident. On the whole, the strategy appears to be a sound one. Collaborative patents tend to perform similarly to patents developed by the same companies using exclusively US-based teams and both of these groups are stronger than those developed with exclusively foreign inventor teams. The nature and location of the inventor team has lasting effects on how the patent is used within the firm and the degree to which the firm's subsequent inventive efforts build upon the technologies.
There are several important managerial implications from this work. First, it emphasises the importance of forethought about team design and goals for innovative work when spreading overseas. One often hears discussions of cheaper R&D being conducted abroad and many firms and managers later express disappointment at the results achieved. Our work shows that collaborative teams may provide a particularly attractive middle ground to this trade-off, even beyond the facilitation of initial entry. Second, our citation analysis reveals the imperfect sharing of knowledge across units within multinational companies. This is commonly discussed with respect to operational issues and our citation work goes further and emphasises it with respect to knowledge creation and the ability of inventors to build upon the past work of the firm. Managers desiring to increment their firm's knowledge base both domestically and abroad may need to staff projects with inventors from both locations. In general, our findings emphasise the importance of actively building absorptive capacity for knowledge within organisations across the firm's own units.
In terms of policy implications, some fairly clear themes emerge that are not exclusive to this work-for example, better rule of law and IPR protection encourage better scientific integration with the US through these multinationals, though there are many other justifications for these policy objectives, too. More distinctive to our work and related studies like Miguelez (2016) and Branstetter et al. (2015) is the emphasis on cross-border migration for influencing technology transfer across countries and the building of local bases for innovation. The results of this study do not build a conclusive case for 'brain gain' type effects due to out-migration, as we do not conduct detailed counterfactual analyses of what could have occurred had the individuals stayed (Agrawal et al., 2011; Breschi et al., 2015) . That said, our study makes clear that use of cross-border teams is a very attractive technique for multinationals conducting innovation abroad and careful thought by nations about short-term travel policies, multinational employee transfer visas and similar features may have a big impact as multinationals weigh their options.
Looking forward, more research is certainly worthwhile in this emerging domain. To revisit some of the pieces highlighted, we see particular advantages in efforts to unite patent data with internal employment records of multinationals. This work can be in the form of single-company studies or utilisation of large-scale employer-employee data sets that are becoming available. Second, we hope that future work can build a platform that includes many countries and multinationals headquartered in many locations. Such a framework would allow us to separate the particular importance of headquarters locations from the fixed attributes of some nations for inventive work. Going beyond, most studies in this domain focus on patent-or country-level traits and more explicit consideration of a firm's overall strategy to multinational innovation is desirable. This would be especially powerful if linked to information on operational data and other performance outcomes.
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